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INTRODUCTION

The dataset comprises a total of 10,000 rows and 20 columns, where 
each row represents an individual patient’s health profile. These 
records capture a wide range of features including demographics, 
clinical test results, lifestyle habits, and family history — all of which 
are relevant to assessing heart health.

Key numerical features include Age, Resting Blood Pressure, 
Cholesterol, Maximum Heart Rate, BMI, Ejection Fraction, and 
Serum Creatinine. Categorical attributes such as Gender, Chest 
Pain Type, Smoking History, Thalassemia, and Diabetes provide 
further context about each patient's condition and risk factors.

The target variable, Heart_Failure, indicates whether the patient 
experienced a heart failure event (1 for yes, 0 for no). Although this 
column is crucial for supervised learning, it has been excluded in this 
project to explore unsupervised learning techniques like Principal 
Component Analysis (PCA) and K-Means Clustering.

Before analysis, the dataset was cleaned by handling missing values 
(notably in Alcohol_Consumption) and encoding categorical 
variables into numerical form. All features were then standardized 
to ensure uniformity in scale, facilitating accurate dimensionality 
reduction and clustering.



Data Exploration



The dataset contains missing values in the Alcohol_Consumption 
column, with 3,350 entries left unrecorded. This missing data was 
addressed during preprocessing to ensure consistency for analysis.
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Visualize distributions of key features





Feature Selection and Preprocessing
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Dimensionality Reduction with PCA



Clustering with K-Means



•The X-axis shows the number of clusters (k), ranging from 1 to 10.

•The Y-axis shows the inertia (also called Within-Cluster Sum of Squares – 
WCSS), which measures how internally coherent the clusters are.

•The goal is to minimize inertia — lower is better, but adding more clusters 
always reduces inertia, so we look for a “bend” or “elbow.”

•The sharpest drop in inertia is from k = 1 to k = 3, and the curve starts to 
flatten after k = 3 or 4.





• The plot shows clear separation between clusters, indicating K-
Means was able to group similar patients effectively based on 
patterns in the data.

• The clusters are densely packed and non-overlapping, especially 
between Cluster 0 (blue) and Cluster 1 (orange), which suggests 
distinct groupings in patient characteristics.

• Cluster 2 (green) occupies a higher region along Principal 
Component 2, which may correspond to a unique combination of 
health metrics or risk factors.



1. Explain what it means to reduce a dataset to 2 principal 
components in simple terms.
Ø PCA (Principal Component Analysis) finds new axes 

(directions) that capture the most variance in your data.

Ø The first 2 principal components are the best 2D 
representation of your original high-dimensional data, 
helping us visualize patterns and relationships more easily.

2. Discuss how well the clusters are separated in your scatter 
plot.

Ø The two clusters (red and blue) are clearly separated by a 
diagonal boundary.

Ø This indicates that K-Means has found meaningful groupings 
based on the PCA-reduced features.

Ø There's minimal overlap, suggesting that your data naturally 
forms two distinct groups in this projection.



Ø Cluster 0 (Blue)
 This group is tightly packed and distinct from the others. It may 
represent low-risk patients — individuals with more stable health 
indicators, lower likelihood of adverse events, or younger age and 
better lifestyle metrics (e.g., normal cholesterol, healthy ejection 
fraction).

Ø Cluster 1 (Orange)
 This cluster might represent moderate-risk patients who show a mix 
of healthy and concerning features. For example, they might have 
elevated blood pressure or slightly impaired cardiac function but are 
not yet in critical condition.

Ø Cluster 2 (Green)
 Positioned differently in the PCA space, this group could 
correspond to high-risk patients — those with critical markers such 
as very low ejection fraction, high creatinine levels, or advanced age. 
These patients may require close monitoring or urgent interventions.

Identifying such clusters helps in personalized treatment 
planning, resource allocation (e.g., ICU beds), and predictive 
modeling (e.g., predicting mortality or readmission).

These insights can also guide preventive strategies by 
highlighting shared characteristics of high-risk patients.

3. Reflect on whether these clusters might correspond to real-
world patient groups or clinical similarities.


